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Abstract 
Human gait recognition (HGR) is a non-invasive biometric modality that is 
applicable in mass-scale surveillance and security systems. Nevertheless, HGR 
systems are currently susceptible to covariate variables, including viewpoint, 
clothing, and the carrying conditions. Recent deep learning methods, espe-
cially convolutional neural networks, have also enhanced recognition perfor-
mance, though at the cost of modeling global spatiotemporal interactions and 
with high training data requirements. This study presents a transfer learning-
based HGR model that relies on Vision Transformer (ViT) models to harness 
self-attention mechanisms to achieve strong representation of global features. 
ViT-B/16 and ViT-L/32 are two pre-trained transformer models that were 
trained on gait image sequences on the CASIA-B dataset. The framework was 
evaluated across four viewing angles (0˚, 18˚, 36˚, and 54˚) under varying co-
variate conditions. Training and testing accuracy and loss metrics were used 
as performance metrics at the learning rate of 0.001 and 0.0001. Furthermore, 
experiments were conducted for both frontal-view and cross-view analysis. 
The results indicate that transformer-based models are capable of achieving 
strong recognition performance. ViT-L/32 achieved the highest average test-
ing accuracy at 87.87 percent, followed closely by ViT-B/16 with 86.99 percent. 
Both models outperformed several recently proposed HGR approaches. The 
attention-based architecture successfully extracts discriminative gait images 
across image patches and is more robust to viewpoint and appearance changes 
as well as it consumes less computational costs due to pre-trained models. 
These results highlight the usefulness of Vision Transformers as an effective 
and precise alternative to traditional deep learning methods of recognizing 
human gait in biometric applications. 
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1. Introduction 

By facilitating reliable identification and authentication of people using physio-
logical and behavioural characteristics, biometric systems have become essential 
features of contemporary security, surveillance, and access control systems. Tra-
ditional biometric modalities, such as fingerprints, faces, iris, and retinas demon-
strate high recognition when used under controlled settings, but they are suscep-
tible to occlusions, face impersonation, privacy issues, and require the coopera-
tion of users. Conversely, human gait recognition (HGR) has become a viable be-
havioural biometric method as a non-invasive biometric identification tool and 
because data are collected remotely with ease in a regular camera system [1]. The 
innate distinctiveness of the walking style of an individual can be recognized even 
under low-resolution data, and in uncontrolled settings. Therefore, gait is espe-
cially appropriate in massive surveillance and forensic applications [2]. 

Irrespective of these strengths, the efficiency of HGR systems is susceptible to a 
number of covariate variables, such as changes in viewing angle, clothing, walking 
speed, illumination conditions, and carrying object [3]. These covariates add in-
tra-class variability and inter-class similarity, which severely compromises recog-
nition accuracy. To overcome these challenges, several techniques have been pro-
posed in the last ten years which can be categorized into model-based and model-
free techniques. Model-based approaches rely on direct models of human anat-
omy and joint dynamics with the capability to investigate movements in detail, 
although they are often computationally intensive and sensitive to noise. Alterna-
tively, model-free methods frequently utilize silhouette-based characteristics such 
as Gait Energy Images (GEIS) to represent spatiotemporal motion patterns that 
are computationally inexpensive but sensitive to both appearance variations and 
viewpoint variation [4]. 

The recent advances in machine learning and deep learning have improved the 
gait recognition performance to a significant level. Convolutional Neural Networks 
(CNNs), recurrent models and autoenergizer based models have been widely ap-
plied in the learning of discriminative gait features on image sequences or silhou-
ette templates [5]. These techniques have proven quite effective in addressing the 
moderate covariate variations but CNN-based models typically use local receptive 
fields and pooling mechanisms, which may limit their ability to capture long-
range spatial responses to model complex gait dynamics [6]. In addition, deep 
CNN models typically require bulk data and training, as well as higher computa-
tional costs [7]. 

Recent efforts in attention-based models, especially Vision Transformers (ViTs) 
have shown impressive results on a wide range of computer vision problems, in-
cluding image classification, object detection and action recognition [8]. ViTs, 
unlike CNNs, use large patches to divide pictures and use self-attention models 
that capture the global contextual associations between the whole picture [9]. This 
ability allows ViTs to learn the long-range and subtle discriminative patterns that 
are important in biometric recognition tasks. The self-attention mechanism in the 
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context of gait analysis provides a possibility to concentrate on the salient areas of 
motion without being influenced by appearance-related differences [10]. 

Contemporary studies have started examining transformer-based architecture 
in biometric and gait-related uses. Hybrid CNN-transformer networks have been 
introduced to complement local feature extraction with global attention model-
ling, with enhanced robustness to viewpoint and clothing variation [11] [12]. Pure 
transformer-based architectures have also exhibited state-of-the-art results in 
learning spatiotemporal motion representations, especially when combined with 
transfer learning methods exploiting large-scale pre-trained models [12]. These 
advances imply that Vision Transformers could offer an effective alternative to 
traditional deep learning methods in HGR, particularly in settings with strong co-
variate variance [13] [14]. 

Although there is remarkable progress in HGR with both classical machine 
learning and deep learning methods, several limitations remain [15]. The model-
based approaches tend to be computationally complex and noise sensitive whereas 
model-free silhouette-based approaches remain susceptible to changes in clothing, 
viewpoint, illumination and carrying conditions [16]. Convolutional neural net-
works and recurrent architectures have enhanced the learner capacity of features, 
but they cannot model the global spatiotemporal features due to their dependence 
on the local receptive fields and generally need a large labelled dataset, which in-
creases computational demands [17]. Vision Transformer models provide a po-
tential alternative as they use self-attention to learn global contextual dependen-
cies [14]. Nevertheless, their direct use in gait biometrics is restricted. The current 
study bridges this gap by offering a transfer learning based HGR framework using 
pre-trained ViT-B/16 and ViT-L/32 models to effectively learn discriminative gait 
representations on image sequences. The suggested methodology involves a 
multi-view assessment of the CASIA-B dataset, comparison with the state-of-the-
art HGR-based methods, and optimisation over the variant of transformers, show-
ing higher level of robustness and performance. This study combines self-atten-
tion worldwide with transfer learning to promote gait biometric recognition and 
make Vision Transformer a viable alternative to traditional CNN-based models. 

2. Methods 
2.1. Overview of the Proposed Framework 

The proposed study presents an HGR model on Vision Transformer (ViT) archi-
tecture with a transfer learning modality. The general workflow involves gait 
frame detection on video sequences, image processing, dataset division, and trans-
former-based feature detection and classification. The complete architecture of 
the proposed system is illustrated in Figure 1, which outlines the sequential pro-
cessing pipeline from data acquisition to final recognition. 

2.2. Dataset and Data Acquisition 

CASIA-B gait dataset, which is publicly available, was used to test the proposed 
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framework. The data set consists of gait sequences recorded on 124 participants 
in controlled conditions in an indoor environment at 11 viewing angles (0˚ to 180˚ 
with 18˚ intervals). All subjects completed ten walking sequences of which six of 
them were normal walking sequences (NM), two walking sequences with a carried 
bag (BG), and two walking sequences with a coat (CL), which were all common 
covariate conditions that influenced gait recognition. Video-to-image extraction 
process was used to convert video sequences into image frames. Six frames of 
every video sequence were uniformly sampled to ensure balance in representation 
and computational efficiency. The extracted images were all resized at 256 × 256 
pixels in three colour channels. The resulting processed data was then further sub-
divided into training and testing groups so that the performance can be assessed 
impartially. 
 

 
Figure 1. The architecture of the proposed HGR method. 

2.3. Vision Transformer-Based Gait Recognition 

The suggested framework employs Vision Transformer models to use self-atten-
tion mechanisms to learn the global representation of features. In contrast to tra-
ditional convolutional neural networks, where local spatial patterns are addressed, 
ViTs subdivide images into fixed patch sizes and operate on the sequences of the 
tokens, which allows to effectively model long-range effects. This study adopted 
two variants of transformers that were pre-trained. 

ViT-B/16 and ViT-L/32, where the numbers indicate patch sizes used for image 
segmentation. Let the input image be represented as 

 L C OI × ×∈   

where L , C , and O  denote image height, width, and number of channels, re-
spectively. The image is partitioned into non-overlapping patches, which are flat-
tened to form patch vectors 

 ( )N p O
pX × ⋅∈   

where p  represents the patch resolution and N  denotes the total number of 
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patches, computed as: 

 2
L CN

p
×

=   (1) 

This patch-based representation significantly reduces computational complex-
ity while preserving spatial information. 

2.4. Linear Projection and Positional Encoding 

Each flattened patch was linearly projected into an embedding space using a learn-
able projection matrix. To retain spatial relationships between patches, positional 
embeddings were added to the patch embeddings. A learnable classification token 
was appended to the sequence to enable global representation learning for classi-
fication. 

The embedded token sequence was formulated as: 

 [ ]1 2; ; ; ;class Nz x x E x E x E=    (2) 

where E  denotes the embedding matrix and classx  represents the class token. 
This combined sequence served as input to the transformer encoder. 

2.5. Transformer Encoder Architecture 

The transformer encoder was composed of several layers, each with a multi-head 
self-attention (MSA) module then a multi-layer perceptron (MLP) as in Figure 2. 
Residual connections and layer normalisation were added in order to enhance the 
stability of training and prevent the problem of vanishing gradients. 
 

 
Figure 2. The architecture of the transformer encoder. 
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For the thl  encoder layer, the computations were expressed as: 

 ( )( )1 1MSA LN , 1, ,l l lz z z l L− −′ = + =    (3) 

 ( )( )MLP LNl l lz z z′ ′= +   (4) 

where LN denotes layer normalisation. 

2.6. Multi-Head Self-Attention Mechanism 

The MSA module performs parallel self-attention operations across multiple heads 
to capture diverse feature relationships. For each head, the input embeddings were 
projected to query ( q ), key ( k ), and value ( v ) matrices: 

 [ ], , , ,q k vq k v zU zU zU =     (5) 

where qU , kU , and vU  are learnable weight matrices. 
The attention weights were computed using the scaled dot-product mechanism: 

 
T

softmax
k

qkA
d

 
=   

 
  (6) 

The self-attention output was then obtained as: 

 ( )SA z Av=    (7) 

Outputs from all heads were concatenated and linearly transformed: 

 ( ) ( ) ( ) ( )1 2MSA ; ; ; k msaz SA z SA z SA z U=      (8) 

as depicted in Figure 3. 
 

 
Figure 3. The architecture of MSA. 
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2.7. Multi-Layer Perceptron Block 

The MLP block comprised two fully connected layers with Gaussian Error Linear 
Unit (GeLU) activation, as shown in Figure 4. GeLU assigns weights based on both 
magnitude and sign, enabling improved nonlinear representation learning com-
pared to ReLU. 

The MLP output was expressed as: 

 ( )( )2 1 1 2GeLU GeLUn nr W W z b b= ⋅ + +   (9) 

where nz  denotes the embedding of the thn  patch. 

2.8. Classification and Model Training 

The classifier head was replaced with a single linear layer with classes outputs fol-
lowed by softmax with Cross-Entropy loss, ensuring compatibility with single-
label multi-class recognition. 

Model optimisation was performed using the Adam optimizer, and categorical 
cross-entropy loss was employed: 

 ( )
1

log ˆ
T

t t
t

y y
=

= −∑   (10) 

where ty  represents the ground truth label, ˆty  denotes the predicted probabil-
ity, and T  is the number of samples. 

Both ViT-B/16 and ViT-L/32 models were fine-tuned using learning rates of 
0.001 and 0.0001, a batch size of 16, and 200 training epochs. 

2.9. Experimental Setup and Evaluation 

Experiments were conducted using four selected viewing angles of the CASIA-B 
dataset (0˚, 18˚, 36˚, and 54˚) to assess performance. Model performance was eval-
uated using training accuracy, testing accuracy, training loss, and testing loss. 

The models were evaluated under three experimental setups: a 70:30 data split, 
a frontal view analysis, and a cross-view analysis. In the 70:30 configuration, the 
NM, BG, and CL classes of the CASIA-B dataset were included. Each class con-
tained sequences from all subjects. This experiment was designed to examine how 
well the models handled variations in appearance. 

A second set of experiments focused on subject recognition under different ap-
pearance conditions. Three evaluations were carried out: gallery versus NM, gal-
lery versus CL, and gallery versus BG. The gallery set consisted of sequences NM-
01 to NM-04, which were used for training. The corresponding test sets were NM-
05 to NM-06, CL-01 to CL-02, and BG-01 to BG-02. These sequences allowed the 
system to be analyzed under normal walking, clothing variations, and carrying 
conditions. 

The third experimental setup was intended to measure cross-view performance. 
The model was trained using sequences captured at the 000˚ view. It was then 
tested using sequences captured at the 180˚ view. This configuration introduced a 
significant change in viewpoint, providing insight into how effectively the model 
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generalized to unseen angles. All experiments were implemented in a Jupyter Note-
book environment on a system equipped with an Intel Core i5 (9th generation) pro-
cessor, 32 GB RAM, and an NVIDIA RTX 2060 GPU. 

3. Results 
3.1. Experimental Setup 

The proposed Vision Transformer-based HGR framework was evaluated using 
four viewing angles of the CASIA-B dataset, namely 0˚, 18˚, 36˚, and 54˚. All exper-
iments were implemented in a Jupyter Notebook environment using an Intel Core 
i5 (9th generation) processor, 32 GB RAM, 1.5 TB SSD storage, and an NVIDIA 
RTX 2060 GPU with 8 GB memory. Two pre-trained transformer models, ViT-
B/16 and ViT-L/32, were fine-tuned using a batch size of 16 for 200 epochs. Learn-
ing rates of 0.001 and 0.0001 were examined to assess model sensitivity to optimi-
sation settings. 

Model performance was evaluated using training accuracy (Trn-ACR), testing 
accuracy (Tst-ACR), training loss (Trn-LS), and testing loss (Tst-LS). 

3.2. Performance of ViT-B/16 at Learning Rate 0.001 

The ViT-B/16 model was first evaluated using a learning rate of 0.001 across the 
selected CASIA-B viewing angles. At 0˚, the model achieved a training accuracy 
of 93.40% and a testing accuracy of 91.47%, with corresponding training and test-
ing losses of 17.59% and 22.01%, respectively. At 18˚, training and testing accura-
cies decreased slightly to 89.91% and 86.80%, with losses of 26.82% and 34.27%. 
For the 36˚ angle, the model obtained a training accuracy of 89.22% and a testing 
accuracy of 86.28%, while training and testing losses were recorded as 28.15% and 
34.56%. At 54˚, the performance further declined, with training and testing accu-
racies of 88.95% and 83.43%, and losses of 28.44% and 40.50%. 

The detailed numerical results are presented in Table 1, while the correspond-
ing training and validation curves are illustrated in Figure 4. 

 
Table 1. Results for the ViT-B/16 model using CASIA-B at a learning rate of 0.001. 

Angle (˚) Trn-ACR (%) Tst-ACR (%) Trn-LS (%) Tst-LS (%) 

0 93.40 91.47 17.59 22.01 

18 89.91 86.80 26.82 34.27 

36 89.22 86.28 28.15 34.56 

54 88.95 83.43 28.44 40.50 

3.3. Performance of ViT-B/16 at Learning Rate 0.0001 

When the learning rate was reduced to 0.0001, the ViT-B/16 model exhibited a 
noticeable decrease in recognition performance. At 0˚, the training accuracy was 
89.98% and the testing accuracy was 87.86%, with losses of 29.34% and 32.10%, 
respectively. 
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Figure 4. Training curves for the ViT-B/16 model using CASIA-B at a learning rate of 0.001. 

 
At 18˚, performance dropped to 82.93% training accuracy and 81.15% testing 

accuracy. For 36˚, the model attained 81.20% training accuracy and 79.33% testing 
accuracy, with increased losses exceeding 50%. At 54˚, training and testing accu-
racies were recorded as 82.60% and 78.84%, respectively. 

The complete results are summarised in Table 2, with training behaviour illus-
trated in Figure 5. 

 
Table 2. Results for the ViT-B/16 model using CASIA-B at a learning rate of 0.0001. 

Angle (˚) Trn-ACR (%) Tst-ACR (%) Trn-LS (%) Tst-LS (%) 

0 89.98 87.86 29.34 32.10 

18 82.93 81.15 42.99 47.05 

36 81.20 79.33 51.62 50.90 

54 82.60 78.84 41.18 50.90 

3.4. Performance of ViT-B/16 for Frontal View Analysis Using 00˚  

Angle of CASIA-B 

For the frontal-view analysis using the 000˚ angle of the CASIA-B dataset, four sets 
were used in the experiments: the gallery view, NM, BG, and CL. The gallery view 
consisted of four sequences (NM-01 to NM-04), while NM-05 to NM-06, BG-01 to 
BG-02, and CL-01 to CL-02 were used as the evaluation sets. Each set contained gait 
sequences from all 124 subjects. The objective of this experiment was to investi-
gate the model’s ability to handle variations in appearance. 
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Figure 5. Training curves for the ViT-B/16 model using CASIA-B at a learning rate of 0.0001. 

 
Using the gallery versus NM configuration, ViT-B/16 achieved a training accu-

racy of 100%, a test accuracy of 98.51%, a training loss of 0.00, and a test loss of 
1.10. Under the gallery vs. CL setting, the model obtained training and test accu-
racies of 100% and 33.20%, respectively, with corresponding losses of 0.00 and 
7.02. In the gallery versus BG evaluation, the training accuracy, test accuracy, 
training loss, and test loss were 100%, 98.43%, 0.00, and 2.10, respectively. 

These results indicate that ViT-B/16 performs strongly on the NM and BG sets 
but exhibits a notable decline in performance on the CL set. The detailed results 
are provided in Table 3. 

 
Table 3. Performance of ViT-B/16 for frontal view analysis using 00˚ angle of CASIA-B. 

Variation Trn-ACR (%) Tst-ACR (%) Trn-LS (%) Tst-LS (%) 

NM 100 98.51 0.00 1.1 

CL 100 33.20 0.00 7.02 

BG 100 98.43 0.00 2.10 

Average 100 76.71 0.00 3.40 

 
The training curves for all experiments using frontal view on ViT-B/16 are il-

lustrated in Figure 6. 

3.5. Performance of ViT-B/16 for Cross View Analysis 

For the cross-view analysis of ViT-B/16, 70% of the gait sequences captured at the 
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000˚ view of the CASIA-B dataset were used for training, whereas 30% of the se-
quences captured at the 180˚ view were used for testing. The evaluation employed 
four metrics: training accuracy, test accuracy, training loss, and test loss. The 
model achieved a training accuracy of 100%, a test accuracy of 38.95%, a training 
loss of 0.00, and a test loss of 11.1123. The corresponding training curve for the 
cross-view evaluation using ViT-B/16 is presented in Figure 7. 
 

 
Figure 6. Training curves of ViT-B/16 for frontal view analysis using 00˚ angle of CASIA-
B. 
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Figure 7. Training curves of ViT-B/16 for cross view analysis. 

3.6. Performance of ViT-L/32 at Learning Rate 0.001 

The ViT-L/32 model demonstrated improved recognition performance compared 
with ViT-B/16 when trained using a learning rate of 0.001. At 0˚, the model 
achieved a training accuracy of 96.33% and a testing accuracy of 94.02%, with re-
duced losses of 10.98% and 16.29%, respectively. 

At 18˚, training and testing accuracies were 90.96% and 87.64%. At 36˚, the 
model obtained 89.94% training accuracy and 86.69% testing accuracy. At 54˚, 
performance decreased to 89.38% training accuracy and 83.12% testing accuracy. 

The quantitative outcomes are shown in Table 4, and the training trends are 
illustrated in Figure 8. 

 
Table 4. Results for the ViT-L/32 model using CASIA-B at a learning rate of 0.001. 

Angle (˚) Trn-ACR (%) Tst-ACR (%) Trn-LS (%) Tst-LS (%) 

0 96.33 94.02 10.98 16.29 

18 90.96 87.64 23.83 32.64 

36 89.94 86.69 26.44 32.04 

54 89.38 83.12 26.74 40.05 

3.7. Performance of ViT-L/32 at Learning Rate 0.0001 

At the lower learning rate of 0.0001, ViT-L/32 achieved slightly reduced perfor-
mance relative to its higher learning rate configuration. At 0˚, training and testing 
accuracies were 92.25% and 90.75%, respectively. Similar performance was ob-
served at 18˚, with a testing accuracy of 90.69%. 
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Figure 8. Training curves for the ViT-L/32 model using CASIA-B at a learning rate of 0.001. 

 
However, at higher viewing angles, performance decreased to 83.52% at 36˚ and 

80.23% at 54˚. The complete results are provided in Table 5, while the training 
curves are depicted in Figure 9. 

 
Table 5. Results for the ViT-L/32 model using CASIA-B at a learning rate of 0.0001. 

Angle (˚) Trn-ACR (%) Tst-ACR (%) Trn-LS (%) Tst-LS (%) 

0 92.25 90.75 23.54 26.20 

18 92.28 90.69 24.51 25.20 

36 85.02 83.52 39.78 41.72 

54 84.65 80.23 39.24 47.34 

 

 
Figure 9. Training curves for the ViT-L/32 model using CASIA-B at a learning rate of 0.0001. 
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3.8. Performance of ViT-L/32 for Frontal View Analysis Using 00˚  

Angle of CASIA-B 

The frontal-view analysis using the 000˚ angle of the CASIA-B dataset followed 
the same experimental protocol described previously for ViT-L/32. Under the gal-
lery vs. NM evaluation setting, ViT-L/32 achieved a training accuracy of 100%, a 
test accuracy of 96.27%, a training loss of 0.00, and a test loss of 2.15. When eval-
uated under the gallery vs. CL setting, the model obtained training and test accu-
racies of 100% and 42.09%, respectively, with corresponding training and test losses 
of 0.00 and 6.23. For the gallery vs. BG setting, the training accuracy, test accuracy, 
training loss, and test loss were 100%, 89.98%, 0.00, and 8.21, respectively. 

Based on these results, it is evident that ViT-L/32 performs strongly on the NM 
and BG sets, whereas its performance declines considerably on the CL set. The 
detailed results are presented in Table 6. 

 
Table 6. Results of ViT-L/32 for frontal view analysis using 00˚ angle of CASIA-B. 

Variation Trn-ACR (%) Tst-ACR (%) Trn-LS (%) Tst-LS (%) 

NM 100 96.27 0.00 2.15 

CL 100 42.09 0.00 6.23 

BG 100 89.98 0.00 8.21 

Average 100 76.11 0.00 5.53 

 
The training curves for the frontal view experiments using ViT-L/32 are de-

picted in Figure 10. 

3.9. Performance of ViT-L/32 for Cross View Analysis 

For the cross-view analysis of ViT-L/32, 70% of the gait sequences captured at the 
000˚ view of the CASIA-B dataset were used for training, while 30% of the se-
quences captured at the 180˚ view were used for testing. The evaluation consid-
ered four metrics: training accuracy, test accuracy, training loss, and test loss. The 
model achieved a training accuracy of 100%, a test accuracy of 38.84%, a training 
loss of 0.00, and a test loss of 12.70. The training curves corresponding to this 
cross-view evaluation using ViT-L/32 are presented in Figure 11. 

3.10. Comparative Analysis with Recent HGR Methods 

Table 7 is a comparative analysis of the suggested transformer-based framework 
and the latest HGR methods. The GaitSTAR approach recorded a 76.50% average 
recognition accuracy at selected angles, and spatial-temporal feature optimisation 
designs reached around 81.68%. View alignment methods based on GEI achieved 
average accuracy of less than 80%. The proposed ViT-L/32 model with an average 
testing accuracy of 87.87 and ViT-B/16 with 86.99 model showed better perfor-
mance in all tested angles as well. 

https://doi.org/10.4236/jcc.2026.143005


N. N. M. Alghamdi, O. A. M. Ghaleb 
 

 

DOI: 10.4236/jcc.2026.143005 85 Journal of Computer and Communications 
 

 
Figure 10. Training curves of ViT-L/32 for frontal view analysis using 00˚ angle of CASIA-B. 

 

 
Figure 11. Training curves of ViT-L/32 for cross view analysis. 
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Table 7. Comparison of the proposed method with recent HGR techniques. 

Reference Year 0˚ (%) 18˚ (%) 36˚ (%) 54˚ (%) Average (%) 

[54] 2024 66.60 75.23 82.60 82.57 76.50 

[56] 2022 79.70 81.26 82.76 83.03 81.68 

[55] 2020 – – – 71.57 71.57 

[57] 2019 81.77 78.06 78.60 80.16 79.65 

ViT-L/32 — 94.02 87.64 86.69 83.12 87.87 

ViT-B/16 — 91.47 86.80 86.28 83.43 86.99 

 
The computational complexity of both models, ViT-B/16 and ViT-L/32, was 

also evaluated, as summarized in Table 8. The two architectures exhibit distinct 
parameter counts and FLOP requirements, with ViT-B/16 requiring approxi-
mately 44 GFLOPs and ViT-L/32 requiring approximately 55 - 60 GFLOPs. This 
substantial disparity in computational cost arises primarily from differences in 
patch size, the number of transformer layers, and the dimensionality of the hidden 
representations. In comparison, ViT-B/16 demonstrated greater efficiency, owing 
to its lower FLOP count and reduced inference latency compared to ViT-L/32. 

 
Table 8. Computational complexity of ViT-B/16 and ViT-L/32. 

Model Patch Size Params (M) FLOPs (G) (224 × 224 input) 

ViT-B/16 16 × 16 ~85.8 ~44 

ViT-L/32 32 × 32 ~307 ~55 - 60 

4. Discussion 

The experimental findings indicate that the proposed gait recognition Vision 
Transformer (ViT)-based framework achieved a high recognition accuracy under 
various viewing angles of the CASIA-B data. Transformer variants (ViT-B/16 and 
ViT-L/32) demonstrated both strong performance in perspective changes, with 
ViT-L/32 models generally outperforming ViT-B/16 in most parameterizations, 
especially when the learning rate is 0.001. 

4.1. Performance Trends across Models and Learning Rates 

Models trained at a learning rate of 0.001 performed better than models trained 
at 0.0001 across all viewing angles, suggesting moderately higher learning rate en-
abled improved convergence and adaptation to features during fine-tuning. As 
illustrated in Table 1 and Figure 1, the ViT-B/16 model recorded its best test ac-
curacy (Tst-ACR) at 0˚ of 91.47, where the poor performance reached 83.43 at 54˚. 
This apparent negative relationship with the horizontal angle reflects the expected 
difficulty in recognizing cross-view gait since the silhouettes vary dramatically in 
appearance and motion projection angles. 

As presented in Table 2 and illustrated again in Figure 2, the ViT-B/16 model 
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trained with a 0.0001 learning rate showed a noticeable performance drop. This 
decline was most evident at the 36˚ and 54˚ viewpoints, where the training accu-
racy fell below 80%. This underperformance emphasises the importance of select-
ing appropriate hyperparameters in the application of transformer-based models, 
and they are also subject to optimisation schedules and data distribution. 

Conversely, the ViT-L/32 model exhibited better overall feature discrimination 
with the highest Tst-ACR of 94.02% at 0˚ with 0.001-learning rate (Table 3, Fig-
ure 3). ViT-L/32 achieved accuracies of over 86% at even more challenging angles 
(18˚ and 36˚), much higher than the calculated analogs of ViT-B/16. This trend 
demonstrates the benefit of increased patch sizes and increased transformer layers 
to capture global gait dynamics and supports related literature indicating the use-
fulness of transformer attention processes in learning long-range spatial depend-
encies in vision tasks in intuition [18] [19]. At the reduced learning rate of 0.0001 
(Table 4, Figure 4), ViT-L/32 continued to achieve fairly high performance with 
Tst-ACRs exceeding 90%.at 0˚ and 18˚. 

However, recognition at higher angles (36˚ and 54˚) again declined, illustrating 
that viewpoint variation remains a fundamental challenge for gait recognition sys-
tems even when using advanced architectures. The models were further assessed 
under frontal-view appearance conditions, and the findings demonstrated that 
variations in clothing exerted a substantial influence on performance. Moreover, 
when evaluating view variation, a pronounced degradation in accuracy was ob-
served, indicating a significant sensitivity of the models to changes in viewpoint. 

This trend echoes the broader gait recognition literature, where cross-view var-
iation is acknowledged as one of the most persistent sources of error in both ap-
pearance-based and model-based frameworks [20]. 

4.2. Comparative Analysis with State-of-the-Art 

When compared with recent HGR methods (Table 7), the proposed transformer 
models achieve superior recognition accuracy across all evaluated angles. The 
ViT-L/32 model yielded an average accuracy of 87.87%, surpassing techniques 
such as spatiotemporal attention networks (e.g., GaitSTAR) and hybrid feature 
optimisation approaches, which have reported average accuracies in the mid-70s 
to low-80s for the same evaluation protocol. For example, the GaitSTAR method 
obtained approximately 76.5% average accuracy across the first four angles of 
CASIA-B, while conventional optimisation and deep learning frameworks ranged 
between ~71.6% and ~81.7% in recent literature [21]. These results demonstrate 
that transformer-based global attention aids in extracting discriminative gait fea-
tures that are less sensitive to covariate variations compared to traditional CNN-
based methods and handcrafted feature approaches. 

In particular, methods such as Gait-ViT, which apply Vision Transformers to 
averaged silhouette templates (GEIs), have reported near-perfect CASIA-B per-
formance in controlled settings (e.g., >99% accuracy) [19] [21]. However, such 
results often stem from tailored preprocessing (e.g., GEI extraction) and evalua-
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tion conditions that may not reflect raw sequence inputs. The present study’s di-
rect application of ViT models to resized frames (256 × 256) without silhouette av-
eraging demonstrates competitive performance under raw input conditions, high-
lighting the flexibility and generalisability of transformer architectures for gait rep-
resentation learning. 

4.3. Interpretation of Training Behaviour 

The training curves in all the experimental settings are visualised in Figures 1-4, 
which indicate that there are similar patterns of convergence during training and 
validation stages. It is also worth noting that models educated with the learning 
rate of 0.001 exhibited a smoother and quicker convergence, and the difference 
between training and testing losses were less, which suggests improved generali-
sation. Conversely, the 0.0001 learning rate curves exhibited larger loss gaps and 
slower rates of convergence, especially ViT-B/16, which reflect the underfitting 
behavior of more complex visual patterns. Such findings are consistent with the 
general knowledge on transformer optimisation in vision tasks, where the correct 
learning rate schedules and patch representations have a strong impact on repre-
sentation consistency and prediction. Recent studies on gait transformer also pro-
pose that patch designs and positional encoding algorithms may have significant 
impact on recognition performance especially where conditions of cross-view and 
temporal variation are involved variability [13] [22]. 

4.4. Limitations and Future Directions 

Although the performance is high, the findings validate that viewpoint variation 
is a core concern of gait recognition, despite the advanced attention-based models. 
Although ViT-L/32 alleviates these effects to some extent, recognition accuracy 
declined by approximately 10% across frontal and oblique views, which suggests 
that alternative strategies, including multi-view fusion, temporal augmentation, 
or hierarchical attention, can further strengthen them. Future directions could in-
volve studies on self-supervised pretraining with large uncontrolled gait datasets 
(e.g., GREW) to improve functional generalisation and test performance in un-
constrained real-world scenarios. 

5. Conclusions 

This study introduced a human gait recognition model which was built on ViT-
B/16 and ViT-B/32 transfer learning architectures to overcome the problem asso-
ciated with viewpoint variations, clothing and carrying changes. The two models 
were tested at various viewing angles of CASIA-B dataset and exhibited optimal 
recognition performance. ViT-B/16 and ViT-B/32 models recorded 86.99% and 
87.87% average testing accuracy, respectively, which surpasses recent gait recog-
nition models. 

This high performance is explained by the self-attention mechanism of Vision 
Transformers, which effectively encodes global and discriminative gait character-
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istics in patches of images. The proposed method proved resilient to within-class 
discrepancies and minimized the computation cost by using pre-trained models. 
The results highlight the possibilities of transformer-based architectures to effi-
ciently and accurately recognize gaits in practical biometric and surveillance sce-
narios. 
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